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ABSTRACT. This paper presents the behaviour of fatigue damage extraction 
in fatigue strain histories of automotive components using the probabilistic 
approach. This is a consideration for the evaluation of fatigue damage 
extraction in automotive components under service loading that is vital in a 
reliability analysis. For the purpose of research work, two strain signals data 
are collected from a car coil spring during a road test. The fatigue strain signals 
are then extracted using the wavelet transform in order to extract the high 
amplitude segments that contribute to the fatigue damage. At this stage, the 
low amplitude segments are removed because of their minimal contribution 
to the fatigue damage. The fatigue damage based on all extracted segments is 
calculated using some significant strain-life models. Subsequently, the 
statistics-based Weibull distribution is applied to evaluate the fatigue damage 
extraction. It has been found that about 70% of the probability of failure 
occurs in the 1.0 x 10-5 to 1.0 x 10-4 damage range for both signals, while 90% 
of the probability of failure occurs in the 1.0 x 10-4 to 1.0 x 10-3 damage range. 
Lastly, it is suggested that the fatigue damage can be determined by the 
Weibull distribution analysis 
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INTRODUCTION   
 
atigue life prediction under service loading remains a challenging problem in real life, especially in the automotive 
industry. In an automotive application, service loadings such as stress on a car wheel are in variable amplitude loading, 
as reported in Sonsino [1]. This situation leads to a need for developing a new approach to predict the reliability of F 
                                                           M. F. M. Yunoh et alii, Frattura ed Integrità Strutturale, 46 (2018) 84-93; DOI: 10.3221/IGF-ESIS.46.09 
 
85 
 
the components that are subjected to the fatigue loading. The fatigue time histories often contain a major percentage of 
small amplitude cycles, and the fatigue damage for these cycles can also be small. Therefore, in many cases, the fatigue 
loading history is edited by removing these small amplitude cycles to produce representative and meaningful, yet economical 
testing, Stephens et al. [2]. 
Several fatigue data editing techniques have been developed for use in the time domain analysis, Abdullah et al. [3]. Some 
previous algorithms have been developed for eliminating low amplitude cycles in order to only retain the high amplitude 
cycles, El Ratal et al. [4]. In the frequency domain, the time history is a low pass filtered by the criterion that high-frequency 
cycles have small amplitude, which is are not damaging. The filtering method does not shorten the signal because it does 
not provide the time-based information, Nizwan et al. [5]. In addition, Abdullah et al. [3] have developed a method for data 
editing to shorten the strain signal in the time-frequency domain. In fatigue data editing, the behaviour of extraction 
segments also needs to be studied because it contributes many bits of information that can improve fatigue life prediction.  
To deal with uncertainties and variations in fatigue data, the statistical analysis, i.e. the probability analysis is the best 
approach that should be adopted. Zhao and Liu [6] use the approach of statistical aspects of the S-N curve by means of the 
Weibull distribution. This approach indicates that an appropriate distribution determination is the primary task for a rolling 
contact fatigue analysis. Tiryakioglu [7] uses the Weibull analysis in fatigue data and predicts the failure mechanisms due to 
cracks initiating from surface and interior defects. 
The evaluation of fatigue damage extraction for automotive components under service loading is vital in the reliability 
analysis. Very few analysis methods have been developed to evaluate the fatigue damage extraction. A consistent description 
of the probability of damage occurrences is possible only if the damage distribution function is known. In this paper, two 
sets of strain signals from the real component in service are used in the fatigue feature extraction. The feature extraction, 
i.e. fatigue damage, is analysed using statistical inferences. The objective of this study is to determine the probabilistic-based 
failure of damage featured in the strain signals, and at the same time, validate them through the extraction process. By 
considering the significant statistical tools, features extraction is combined with the Weibull distribution analysis in order to 
obtain a better evaluation. 
 
 
THEORETICAL  BACKGROUND 
 
The Global Statistic 
he time series contains an explanation of a set of variables taken at equally spaced time intervals. A statistical analysis 
is normally used to determine the random signals and monitor the pattern of the analysed signals. The calculation 
of the root-mean-square (r.m.s.) and the kurtosis is very important in the fatigue signals in order to retain a certain 
number of the signal amplitude range characteristics. The r.m.s. value is the 2nd statistical moment, is used to quantify the 
overall energy content of the signal. For discrete data sets the r.m.s. value is defined as: 
 
                 (1) 
 
While kurtosis is the signal 4th statistical moment, is a global signal statistic which is highly sensitive to the spikiness of the 
data. For discrete data sets the kurtosis value is defined as: 
 
                                                                                                        (2) 
 
where jx  is the amplitude of signal, n is number of data and x  is the mean value. 
 
The Wavelet Transform 
The wavelet transform (WT) is defined in the time-scale domain and is a significant tool for analysing the time-localised 
features of a signal. It represents a windowing technique within the variable-sized region. A wavelet transform can be 
classified as either a continuous wavelet transform (CWT) or a discrete wavelet transform (DWT) depending on the 
discretisation of the scale parameters of the analysing wavelet. The DWT based on such wavelet functions is called the 
orthogonal wavelet transform (OWT). Orthogonal wavelet transforms are normally applied for the compression and feature 
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selection of signals. DWT is derived from discrete CWT, and it is shown as the following expression, Purushotham et al. 
[8]: 
 
 /2 *0 0 0( , ) ( ) ,m mW m n x t a a t nb dt   

                                                                           (3) 
 
where a and j are the scale factor, both b and k are the position, and Ψ is the mother wavelet. Oh [9] has previously conducted 
fatigue data analysis using the wavelet transform (WT) for spike removal, denoising, and data editing. Piotrkowski et al. [10] 
used the Wavelet Transform application in acoustic emissions to detect damage and corrosion. 
 
Fatigue Life Assessment 
The Palmgren-Miner linear cumulative damaging rule is normally associated with the established strain-life fatigue models 
Sun et al., [11]. The fatigue damage caused by each cycle of repeated loading is calculated by reference to material life curves, 
such as S N  or N   curves. The fatigue damage caused by multiple cycles is expressed respectively as: 
 
1
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                                                                                                                              (4) 
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where D is fatigue damage for one cycle and D is total fatigue damage iN  is the number of cycles within a particular 
stress range and its mean and fN  is a number of cycles. 
The strain-life model commonly used for the prediction of fatigue strain life is the Coffin-Manson relationship model. This 
model can provide a traditional prediction when there is more compressive load time history and the mean stress is zero. 
The following equation can define this model: 
 
                ' 2 ' 2b cfa f fN f NE                                                                                             (6) 
 
E is the material modulus of elasticity, a   is the true strain amplitude, 2 fN   is the number of reversals to failure, ' f  is 
the fatigue strength coefficient, b is the fatigue strength exponent, ' f  is the fatigue ductility coefficient, c is the fatigue 
ductility exponent, m   is the mean stress, and max  is the maximum stress. 
The inclusion of mean stress effects in the life prediction makes the process more complex. The Morrow mean stress model 
is given by Dowling [12]: 
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                                                                                (7) 
                                                           
where  is the total strain amplitude, ' f , b, ' f  and c are considered to be material properties, fN  is the number of cycles 
to failure, and m  is the mean stress. Another strain life model dealing with mean stress effects is known as the Smith-
Watson-Topper (SWT) model, and its equation is written as: 
 
 
2
2' (2 ) ' ' (2 )f b b ca mak f f f fN NE
                                                                           (8) 
 
                                                           M. F. M. Yunoh et alii, Frattura ed Integrità Strutturale, 46 (2018) 84-93; DOI: 10.3221/IGF-ESIS.46.09 
 
87 
 
The Coffin-Manson relationship only considers the damaging calculation at zero mean stress. However, in real-case 
scenarios, some of the realistic service situations involve nonzero mean stresses. For example, in a case of the loading being 
predominantly compressive, particularly for wholly compressive cycles, the Morrow mean stress correction effect provides 
more realistic life estimates and seems to work reasonably well for steels, Ince & Glinka [13]. 
 
The Weibull Distribution 
In terms of the statistical analysis used in engineering, the Weibull distribution is a theoretical model that has been 
successfully used to model the life data. The Weibull distribution is described by the shape, scale, and threshold parameters. 
The Weibull distribution model is a tool to develop the probabilistic analysis because of its ability to provide reasonably 
accurate failure analysis and failure forecasts with extremely small samples, Sivapragash, [14]. The 2-P Weibull distribution 
function is shown in Eqn. 7: 
 
                                                                                  (9) 
 
where f (x: θ: β) represents the probability of strain-life being equal to or less than x, θ is a scale parameter, and β is a shape 
parameter. θ and β are estimated by observation.  
The Weibull distribution has been widely utilised to develop a model of extreme values, such as failure time and fracture 
strength, Shalabh et al. [15]. The Weibull distribution is a probabilistic analysis which has been used for the determination 
of static and dynamic mechanical properties of materials. This distribution has the capability to model experimental data 
with different characters, Li et al. [16]. 
 
 
METHODOLOGY 
 
n this work, the strain signal has been collected from the coil spring in the car suspension system during a road test as 
shown in Fig. 1 which is collected in macrostrain ( e ). An established signal, known as SAESUS, is the typical strain 
history for the suspension system, developed by the Society of Automotive Engineers (SAE), as reported in Oh [9]. 
Another signal, S1, is a set of experimental strain signals measured at 500 Hz sampling rate using a strain gauge that is 
positioned on the coil spring component of a car being driven on a rural road at a velocity of 50 to 60 km/h. The 
measurement procedure is reported in their previous work by Yunoh et al. [17]. The fatigue signal was measured at the car 
coil spring which subjected to the road load service. All data were recorded as strain time histories and Fig. 2 shows the set-
up of fatigue data measurement during the process. The strain value was measured using strain gauge and it was connected 
to the specific data logger, for data acquisition purpose. Experimental parameters such as sampling frequency and type of 
output data were then set using the common data logger interface. 
 
        
                                                                   (a)                                                                                                           (b) 
 
Figure 1: The strain signals used for the work: (a) SAESUS, (b) An experimental measured data, S1. 
 
The extraction algorithm of the strain signal is developed for fatigue data editing purposes. The discrete wavelet transform 
is utilised to identify the high amplitude segments in the fatigue signal due to the high-energy coefficients magnitude. The 
magnitudes of the wavelet energy coefficients in the time-frequency domain are transposed into time histories 
representations to trace the location of the high amplitude segments. The respective magnitudes are obtained from the 
accumulation of wavelet transform magnitude distributions along the frequency band at each time interval. Thus, the energy 
coefficients in time representation are gained, and these signals are used to detect the presence of high amplitude events in 
the fatigue signal.  
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The Cut-off Level (COL) needs to be set up for the elimination process in a high amplitude event extraction process. The 
COL is the minimum percentage of the wavelet energy coefficients to be retained and the segments with magnitudes lower 
than the COL value will be removed. The retained segments are then sliced from the original signal. The sliced segment 
identification is performed by means of a search which identifies the point at which the signal envelope inverts from the 
decay behaviour. The two inversion points, one on either side of the peak value, define the temporal extent of the sliced 
segment. The original strain signal is then edited to remove the low amplitude cycle contained in the signal based on the 
time location of the wavelet transform spectrum-sliced segment. The fatigue damage for every retained segment is then 
calculated for the probabilistic analysis.  
 
                                        
Figure 2: A diagrammatic process flow for fatigue signal collection 
 
The fatigue damage for all segments is further analysed using the 2-P Weibull distribution to evaluate the segments’ 
extraction results. The advantage of using this distribution lies in its ability to explain the simple function. This approach is 
often used in assessing the fatigue life of the material based on its simple calculation, Glodez et al. [18]. All the fatigue 
damage of the retained segments is incorporated into the Weibull distribution, and as has been later suggested, based on the 
probability distribution, the resultant significant findings are utilised to reveal the inferences of this study. 
 
 
RESULTS AND DISCUSSIONS 
 
irst, the strain signals were evaluated by observation based on statistics characteristics, i.e. number of cycles counted, 
root-mean-square (r.m.s), kurtosis and total damage as tabulated in Tab. 1. According to the results, the SAESUS 
signal produced higher values of r.m.s and kurtosis. This is due to the higher amplitude segments existing in the 
SAESUS signal compared to the S1 signal. Higher amplitude segments contributed more energy in the oscillatory signals. 
The value of kurtosis for the SAESUS strain signal was found to be 4.32, which indicates that the spike and extreme values 
exist in the signal. This result was consistent with the r.m.s value for SAESUS, which is found to be 246.6 με, higher when 
compared to S1. The kurtosis value for both strain signals was not found in a Gaussian distribution because in a stationary 
Gaussian process, the kurtosis value is approximately 3.  
The fatigue damage for both signals was calculated based on three strain-life models as tabulated in Tab. 1. The values of 
the fatigue damage based on the three models were close to each other with minor differences. The fatigue damage values 
for SAESUS were found to be higher compared to S1. The existence of the higher amplitude segments in the SAESUS 
signal contributed more fatigue damage compared to S1. 
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Data N (Cycles) r.m.s (με) Kurtosis Fatigue Damage (Damage/Block) 
SAESUS 1253 246.6 4.28 CF 
Morrow 
SWT 
1.70 x 10-3  
1.70 x 10-3 
1.64 x 10-3 
S1 9768 122.68 2.82 CF
Morrow 
SWT 
2.97 x 10-4 
2.94 x 10-4 
2.85 x 10-4 
 
Table 1: Summary of statistical characteristic of the signals 
 
The developed wavelet transform algorithm transformed the signal into a time-frequency domain to obtain the time-
frequency localisation, as shown in Fig. 3. The spectrum colour intensity is proportional to the absolute energy coefficients 
values because it delivers the energy distribution display on time and frequency. The spectrum of SAESUS and S1 signals 
shows that the intensity colours of the SAESUS strain signal are more highlighted compared to S1. A large scale was 
indicative of low frequency, and higher amplitude segments indicated that the cycles had higher energy. This means that it 
can inflict higher fatigue damage. 
 
   
                                                       (a)                                                                                                           (b) 
 
Figure 3: The wavelet transform spectrum of; (a) SAESUS, (b) S1. 
 
Higher amplitude segments based on wavelet transform spectrum were extracted. The location of the retained segments 
was shown in Fig. 4. After eliminating the low amplitude segments, the high amplitude segment should be retained to 
maintain the fatigue damage contained in both signals. The SAESUS strain signal contributed 21 high amplitude retained 
segments. Meanwhile, the S1 strain signal contributed 11 high amplitude retained segments. Based on the extraction results, 
the SAESUS strain signal consists of higher amplitude segments compared to S1 because it retained the higher amplitude 
segments after the extraction process. 
 
 
                                                               (a)                                                                                                                  (b) 
 
Figure 4: The location of the retained segments; (a) SAESUS, (b) S1. 
 
The features extraction, i.e. fatigue damage for every segment, was calculated to analyse and determine the probability of 
failure based on high amplitude segments. It is helpful to know the fatigue damage distribution based on the extracted 
segments for both signals. The 2-P Weibull distribution was used for the data analysis. According to Tab. 2, the values of 
the shape parameters, β, for both signals were less than 1.0, indicating a decreasing failure rate. According to Finkelstein, 
[19], if the shape parameter for Weibull distribution is less than 1.0, this distribution is always decreasing the failure rate. 
The value of scale parameter, θ, of fatigue damage for both signals was found to be 5.3 x 10-5 and 1.4 x 10-5. This means 
that when the components reach these values, the probability of failure will increase.  
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Signals Shape parameter, β Scale parameter, θ 
SAESUS 0.59 5.3 x 10-5 
S1 0.34 1.4 x 10-5
 
Table 1: Statistical data analysis based on Weibull distribution. 
 
Cumulative Distribution Function (CDF) represents the probability of the components to fail at the particular time interval. 
Based on the plots in Fig. 5, the fatigue damage for S1 increases more rapidly in cumulative probability values compared to 
the SAESUS. This finding can be suggested that SAESUS signal consists high amplitude segments that cause high fatigue 
damage compared to S1. 
 
  
Figure 5: Probability density functions for SAESUS and S1 strain signal  
 
  
Figure 6: The Weibull probability distribution plots of fatigue damage for SAESUS 
 
Figs. 6 and 7 show the best fit of the Weibull probability distribution plot for fatigue damage of high amplitude segments 
for both signals. The parameters of the distribution are estimated using the maximum likehood method. The Weibull 
probability distribution plot for both strain signals was estimated using 95% confidence level correction line, which includes 
the true population parameter. From a statistical point of view, the more test data that falls into the 95% confident level, 
the more reasonable the probabilistic distribution is, according to Xianmin et al [20].  
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Based on the plot indicated in Fig. 5 for the SAESUS strain signal, there are four data points which are out of the 95% 
confidence level. This is because several segments in the signal consist of very high amplitude segments. Meanwhile, all 
points in S1 strain signal were distributed at the 95% confidence level. Figs. 5 and 6 also show that 70% of the probability 
of failure occurred from 1.0 x 10-5 to 1.0 x 10-4 fatigue damage for both signals. Around 90% of the probability of failure 
occurred from 1.0 x 10-4 to 1.0 x 10-3 fatigue damage for both signals.  
 
  
Figure 7: The Weibull probability distribution plots of fatigue damage for S1. 
 
Figs. 8 and 9 show the best fit of the Weibull probability distribution plot for fatigue life of high amplitude segments for 
both signals. All of data for the SAESUS and S1 strain signal were distributed at the 95% confidence level. Fig. 7 show that 
70% of the probability of failure for SAESUS occurred at 5.2 x 103 cycles. Meanwhile the probability of failure for SAESUS 
occurred at 6.9 x 103 cycles. Around 90% of the probability of failure occurred at 1.6 x 105 to 3.5 x 105 fatigue life for both 
signals. Thus, the value of fatigue damage and life based on extraction segments approaching the failure can be determined 
roughly by the Weibull analysis. 
 
 
  
Figure 8: The Weibull probability distribution plots of fatigue damage for SAESUS. 
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Figure 9: The Weibull probability distribution plots of fatigue damage for S1. 
 
 
CONCLUSION 
 
o summarise the statistics and strain life analysis, the SAESUS strain signal contributes more damaging segments 
compared to S1. This situation is due to the high amplitude segments obtained in the signal. The fatigue damage 
based on high amplitude segments fits well to a Weibull distribution. Based on the results, it shows that 70% of the 
probability of failure occurred between 1.0 x 10-5 and 1.0 x 10-4 fatigue damage for both signals. Around 90% of the 
probability of failure occurred between 1.0 x 10-4 to 1.0 x 10-3 fatigue damage for both signals. Thus, the value of fatigue 
damage based on extraction segments that are approaching the failure can be determined using the Weibull analysis with 
the 95% confident level, which is a reasonable probabilistic distribution. This approach presents an alternative technique to 
predict the fatigue damage probability function for automotive components. However, further works and analyses need to 
be performed for the purpose of validation, and also to produce high data accuracy by means of life assessment.  
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